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Abstract: Objectives: Night-time light images have been widely used in human activity analysis, social economy
estimation and other aspects. However, on night-time light images, farmland fire pixels caused by burning fields are
easily confused with the urban light pixels, which interferes with the socioeconomic assessments using night-time
light images. Based on the radiance time series characteristics of pixels, the farmland fire pixels on night-time light
images can be identified through the random forest method. Methods: In this study, 10 continental countries in

southern Africa were taken as the research area. Based on Black Marble product produced by NPP/VIIRS data, three
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characteristics of the time series of night-time light radiance were constructed, and the random forest classification
method was used to divide the pixels into farmland fire pixels, stable light pixels, and black pixels. Results: In this
study, stratified random sampling was used to manually test the classification accuracy, using time series of night-
time light data, high resolution satellite images and land cover data. Results showed that the overall accuracy of
pixel classification was 91.2%, the average producer accuracy was 91.9%, and the average user accuracy was 91.0%.
Among them, the producer accuracy and user accuracy of farmland fire pixel classification were 86.4% and 92.6%,
respectively. Conclusions: The random forest classification method was used to classify the pixels on night-time
light images into farmland fire pixels, stable light pixels and black pixels with high accuracy. The method proposed
in this study can be used to filter out farmland fire pixels in Black Marble products, so as to improve the evaluation
accuracy for African social economy using night-light images.

Key Words: night-time light remote sensing; NPP/VIIRS; Black Marble product; southern Africa; farmland fire
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Fig. 1 Comparison of Monthly Average Night-time Light Images
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Fig. 2 Night-time Light Image of the Study Area
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Fig. 5 Time Series of Night-time Light Radiance in a Year, Google Earth Images and Land Cover
Types of the Three Types of Pixels
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Fig. 7 Identification Results of Farmland Fire Pixels Near Lusaka
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Fig. 8 Classification Results for 10 Countries in Southern Africa in 2021
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Tab. 7 Classification Results Statistics of 10 Countries in Southern Africa
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Fig. 9 The Detection of Fire Point Products on Farmland Fire Pixels near Lusaka
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Fig. 10 The Detection of Fire Point Products on Farmland Fire Pixels near Huambo
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Fig. 11 The Detection of Fire Point Products on Farmland Fire Pixels near Umtata
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